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Abstract: In this paper, to combine single valued neutrosophic sets (SVNSs) with covering-based 
rough sets, we propose two types of single valued neutrosophic (SVN) covering rough set models. 
Furthermore, a corresponding application to the problem of decision making is presented. Firstly, 
the notion of SVN f-covering approximation space is proposed, and some concepts and properties 
in it are investigated. Secondly, based on SVN f-covering approximation spaces, two types of SVN 
covering rough set models are proposed. Then, some properties and the matrix representations of the 
newly defined SVN covering approximation operators are investigated. Finally, we propose a novel 
method to decision making (DM) problems based on one of the SVN covering rough set models. 
Moreover, the proposed DM method is compared with other methods in an example. 


Keywords: covering; single valued neutrosophic; matrix representation; decision making 


1. Introduction 


Rough set theory, as a a tool to deal with various types of data in data mining, was proposed 
by Pawlak [1,2] in 1982. Since then, rough set theory has been extended to generalized rough sets 
based on other notions such as binary relations, neighborhood systems and coverings. 

Covering-based rough sets [3-5] were proposed to deal with the type of covering data. 
In application, they have been applied to knowledge reduction [6,7], decision rule synthesis [8,9], 
and other fields [10-12]. In theory, covering-based rough set theory has been connected with matroid 
theory [13-16], lattice theory [17,18] and fuzzy set theory [19-22]. 

Zadeh’s fuzzy set theory [23] addresses the problem of how to understand and manipulate 
imperfect knowledge. It has been used in various applications [24-27]. Recent investigations have 
attracted more attention on combining covering-based rough set and fuzzy set theories. There are 
many fuzzy covering rough set models proposed by researchers, such as Ma [28] and Yang et al. [20]. 

Wang et al. [29] presented single valued neutrosophic sets (SVNSs) which can be regarded as 
an extension of IFSs [30]. Neutrosophic sets and rough sets both can deal with partial and uncertain 
information. Therefore, it is necessary to combine them. Recently, Mondal and Pramanik [31] presented 
the concept of rough neutrosophic set. Yang et al. [32] presented a SVN rough set model based on 
SVN relations. However, SVNSs and covering-based rough sets have not been combined up to now. 
In this paper, we present two types of SVN covering rough set models. This new combination is a 
bridge, linking SVNSs and covering-based rough sets. 

As we know, the multiple criteria decision making (MCDM) is an important tool to deal with more 
complicated problems in our real world [33,34]. There are many MCDM methods presented based on 
different problems or theories. For example, Liu et al. [35] dealt with the challenges of many criteria in 
the MCDM problem and decision makers with heterogeneous risk preferences. Watrdbski et al. [36] 
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proposed a framework for selecting suitable MCDA methods for a particular decision situation. 
Faizi et al. [37,38] presented an extension of the MCDM method based on hesitant fuzzy theory. 
Recently, many researchers have studied decision making (DM) problems by rough set models [39-42]. 
For example, Zhan et al. [39] applied a type of soft rough model to DM problems. Yang et al. [32] 
presented a method for DM problems under a type of SVN rough set model. By investigation, 
we have observed that no one has applied SVN covering rough set models to DM problems. Therefore, 
we construct the covering SVN decision information systems according to the characterizations of 
DM problems. Then, we present a novel method to DM problems under one of the SVN covering 
rough set models. Moreover, the proposed decision making method is compared with other methods, 
which were presented by Yang et al. [32], Liu [43] and Ye [44]. 

The rest of this paper is organized as follows. Section 2 reviews some fundamental definitions 
about covering-based rough sets and SVNSs. In Section 3, some notions and properties in SVN 
p-covering approximation space are studied. In Section 4, we present two types of SVN covering rough 
set models, based on the SVN f-neighborhoods and the 6-neighborhoods. In Section 5, some new 
matrices and matrix operations are presented. Based on this, the matrix representations of the SVN 
approximation operators are shown. In Section 6, a novel method to decision making (DM) problems 
under one of the SVN covering rough set models is proposed. Moreover, the proposed DM method is 
compared with other methods. This paper is concluded and further work is indicated in Section 7. 


2. Basic Definitions 
Suppose UI is a nonempty and finite set called universe. 


Definition 1 (Covering [45,46]). Let U be a universe and C a family of subsets of U. If none of subsets in C is 
empty and |) C = U, then C is called a covering of U. 


The pair (U,C) is called a covering approximation space. 


Definition 2 (Single valued neutrosophic set [29]). Let U be a nonempty fixed set. A single valued 
neutrosophic set (SVNS) A in U is defined as an object of the following form: 


A = {(x,Ta(x),Ta(x), Fa(x)) x € Uj, 


where T,(x) : U — [0,1] is a truth-membership function, I4(x) : U — [0,1] is an indeterminacy-membership 
function and F4(x) : U — [0,1] is a falsity-membership function for any x € U. They satisfy 0 < Ta(x) + 
I(x) + Fa(x) <3 for all x € U. The family of all single valued neutrosophic sets in U is denoted by SVN(U). 
For convenience, a SVN number is represented by « = (a,b,c), where a,b,c € [0,1] anda+b+c <3. 


Specially, for two SVN numbers a = (a,b,c) and B = (d,e,f),a<Ba@a<d,b>eandc > f. 
Some operations on SV N(U) are listed as follows [29,32]: for any A,B € SVN(U), 


1) AC Biff T(x) < Tp(x), Ip(x) < I4(x) and Fg(x) < Fa(x) for all x € U. 

2) A=BiffA CBandBCA. 

3) ANB= {Gy Tae) A Tete), tale) V lee), Fale) V Fa(x)) ee UU}: 

4) AUB = {(x,Ta(%) V Ta(x), 1a(x) A Ip(a), a(x) A Fa(x)) te € U}. 

5) Al = {(x,Fa(x),1— a(x), Ta(x)) + x € Uf. 

6) A@®B= {(x,Ta(x) + Tp(x) — Ta(x) - Ta(x), L(x) - In(x), Fa (x) - Fa(x)) : x € Uf. 


3. Single Valued Neutrosophic 6-Covering Approximation Space 


In this section, we present the notion of SVN f-covering approximation space. There are two 
basic concepts in this new approximation space: SVN f-covering and SVN f-neighborhood. Then, 
some of their properties are studied. 
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Definition 3. Let U be a universe and SVN(U) be the SVN power set of U. For a SVN number B = (a,b,c), 
we call C = {Cy,Co,--+ ,Cm}, with C; € SVN(U)(i = 1,2,...,m),a SVN B-covering of U, if for all x € U, 
C; € Cexists such that C;(x) > B. We also call (U, C) a SVN f-covering approximation space. 


Definition 4. Let C be a SVN B-covering of U and C = {Cy,C2,...,Cm}. For any x € U, the SVN 
B-neighborhood Ne of x induced by C can be defined as: 


NE = N{C; € C: C(x) > Bh. (1) 


Note that C;(x) is aSVN number (Tc, (x), Ic, (x), Fc,(x)) in Definitions 3 and 4. Hence, C;(x) > B 
means Tc, (x) > 4, Ic,(x) < band Fe,(x) < c where SVN number f = (a,b,c). 


Remark 1. Let C be a SVN B-covering of U, B = (a,b,c) and C = {Cy,Cz,...,Cm}. For any x € U, 
NE = {C; € ©: Te,(x) > a, Io, (x) <b, Fo,(x) < ch. (2) 


Example 1. Let U = {x1,%2,x3,X4,x5}, C= {C1,C2,C3,C4} and B = (0.5,0.3,0.8). We can see that Cis 
a SVN £-covering of U in Table 1. 


Table 1. The tabular representation of single valued neutrosophic (SVN) f-covering Cc. 


u Cy C C3 C4 
x  (0.7,0.2,0.5)  (0.6,0.2,0.4) — (0.4,0.1,0.5) — (0.1, 0.5, 0.6) 
x.  (0.5,0.3,0.2) — (0.5,0.2,0.8)  (0.4,0.5,0.4) (0.6, 0.1, 0.7) 
x3 (0.4,0.5,0.2) — (0.2,0.3,0.6) — (0.5,0.2,0.4) — (0.6, 0.3, 0.4) 
x4 (0.6,0.1,0.7) — (0.4,0.5,0.7) — (0.3,0.6,0.5) — (0.5, 0.3, 0.2) 
xs (0.3,0.2,0.6) — (0.7,0.3,0.5) —(0.6,0.3,0.5) ~—- (0.8, 0.1, 0.2) 


Then, 
NE. =CN Co, NE, =CyNGN Ca, NG, = C3 Ca, NE, =CN Ca, NE =ONC3NC,. 
Hence, all SVN f-neighborhoods are shown in Table 2. 


Table 2. The tabular representation of N (k = 1,2,3,4,5). 


Nx, x4 x2 x3 x4 x5 

NE, (0.6,0.2,0.5)  (0.5,0.3,0.8)  (0.2,0.5,0.6) (0.4, 0.5,0.7) (0.3, 0.3, 0.6) 
NE (0.1,0.5,0.6)  (0.5,0.3,0.8) — (0.2,0.5,0.6) — (0.4,0.5,0.7) (0.3, 0.3, 0.6) 
NE. (0.1,0.5,0.6)  (0.4,0.5,0.7) — (0.5,0.3,0.4) — (0.3,0.6,0.5) — (0.6, 0.3, 0.5) 
NE — (0.1,0.5,0.6) (0.5,0.3,0.7)  (0.4,0.5,0.4) — (0.5,0.3,0.7) (0.3, 0.2, 0.6) 
NE. (0.1,0.5,0.6)  (0.4,0.5,0.8) — (0.2,0.3,0.6) — (0.3,0.6,0.7) — (0.6, 0.3, 0.5) 


In a SVN f-covering approximation space (U, C), we present the following properties of the SVN 
B-neighborhood. 


Theorem 1. Let C be a SVN B-covering of U and C= {C1,C2z,...,Cm}. Then, the following statements hold: 


(1) NE (x) > Bforeachx € U. 
(2) Vx,y,z €U, if NE(y) > B, Ni (z) > B, then NE (z) > 6. 
(3) For two SVN numbers B, Bo, if By < Bo < B, then NE C N® forall x € U. 
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Proof. 
(1) Foranyxe€U,N(x)=( N G)(x)= A C(x) >B. 
Ci(x) 2B Ci(x) 2B 
(2) Let I = {1,2,---,m}. Since NE (y) > B, for any i € I, if C;(x) > B, then C;(y) > B. Since Ni (z) > B, 
for any i € I, C;(z) > B when Cj(y) > f. Then, for any i € I, C;(x) > B implies C;(z) > B. 
Therefore, NE (z) > B. 
(3) For all x € U, since By < Bo < B, {C; € ©: C(x) > Bi} D {Cj € ©: C(x) > Bo}. Hence, 


NE = r{c; € ©: C(x) > Bi} C N{C; € ©: C(x) > Bo} = NP for all x € U. 


Proposition 1. Let C bea SVN f-covering of U. For any x,y € U, NG (y) > B ifand only if NG Cc NE. 


Proof. Suppose the SVN number f = (a,b,c). 
(=): Since NE(y) > B, 


and 


TeW=T a ay= A Te) 2aley)=l 9 ay)=_ V_ Icy) ss 


To, (x)2a To; (x)2a To, (x) 2a Te, (x)2a 
Ic, (x) Sb Tc, (x) <b Ic, (x) Se To, (x) Sb 
Fo, (x)Se Fo,(x)Se Fo, (x) Sb Fo, (x) Se 
Fee(y) =F cy) = Fo,(y) Se 

= Te, (x)2a Te, (x) 2a 

Ic, (x) Se To, (x) <b 

heer Fo, (x)Se 

Then, 


{Ci € C: To,(x) = a, Ie, (x) <b, Fo;(x) Sc} C {CG EC: Tey) 2 a Ie\(y) Sb, Fey) Sc}. 


Therefore, for each z € U, 


To, (x)2a Te, (y)2a 
To, (x)<b To, (y) <b 
Fo, (x)Se Fo,(y)Se 
lep(2)=_ Vi Iglz)S_ V_ Ig(z) = leg 2), 
To, (x)2a Te, (y)2a a 
To, (x)<b To, (y) <b 
Fo,(x)Se Fo, (y)Se 
Es Zj= V Fof)<s V Fo,(z) = Fee (z) 
: Te, (x)2a Te, (y)2a z 
Ic, (x) <b Ic, (y) <b 
Fo, (x)Se Fo, (y)Se 


Hence, Nf S Ne. 
(<=): For any x,y € U, since Ni CNB, 


Trp(y) 2 Tye ly) 2 @ Ine (y) S lap (y) S band Foe (y) < Frp(y) < ¢. 


Therefore, Né (y) => B. 


The notion of SVN f-neighborhood in the SVN f-covering approximation space in the 


following definition. 
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Definition 5. Let (U,C) bea SVN f-covering approximation space and C = {C1,C2,...,Cm}. For each x € U, 
we define the B-neighborhood we of x as: 
Ny = {ye U: NE(y) > B- 3) 
Note that N@ (y) isa SVN number (Tye (y), Ie (y), Fxp (y)) in Definition 5. 

Remark 2. Let C be a SVN B-covering of U, B = (a,b,c) and C = {Cy,Co,...,Cm}. For each x € U, 

Ny = {y EU: Trp(y) 2 ay Tgp ly) <b, Fap(y) Sc}. (4) 
Example 2 (Continued from Example 1). Let B = (0.5,0.3,0.8), then we have 


Ne = {x1,x2}, Ne = {x2}, Ne, = {x3, x5},Ne, = {x2,x4}, Ne, = {x5}. 


Some properties of the B-neighborhood in a SVN f-covering of U are presented in Theorem 2 and 
Proposition 2. 


Theorem 2. Let C be a SVN B-covering of U and C= {C1,C2,...,Cm}. Then, the following statements hold: 


(1) x © N® foreach x € U. 
(2) Vx,y,z €U,ifx Ee Ney € Ne then x € NP. 


Proof. 


(1) According to Theorem 1 and Definition 5, it is straightforward. 
(2) Forany x,y,z €U,x € Ny oo N(x) > Bo NE CNP andy e NE o NB(y) > Bo NE CHE. 
Hence, NP C NP. By Proposition 1, we have NE (x) > B,ie., XE We. 


Proposition 2. Let C be a SVN f-covering of U and C = {Cy,Cz,...,Cm}. Then, for all x € U,x € Ny 
if and only if Ne e NY. 


Proof. (=): For any z € N’, we know N&(z) > B. Since x € NP, Ni (x) > B. According to (2) in 
Theorem 1, we have Ni (z) > B. Hence, z € Ny . Therefore, we ‘Ss Ny , 
(<): According to (1) in Theorem 2, x € N° for all x € U. Since N? ¢ NY, xE NY. 


The relationship between SVN f-neighborhoods and f-neighborhoods is presented in the 
following proposition. 


Proposition 3. Let C be a SVN f-covering of U. For any x,y € U, Nc NY if and only if Ne C NY. 


Proof. According to Propositions 1 and 2, it is straightforward. 


4. Two Types of Single Valued Neutrosophic Covering Rough Set Models 


In this section, we propose two types of SVN covering rough set models on basis of the SVN 
f-neighborhoods and the f-neighborhoods, respectively. Then, we investigate the properties of the 
defined lower and upper approximation operators. 
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Definition 6. Let (U, C) be a SVN 6-covering approximation space. For each A € SVN(U) where 

A = {(x,T,(x), I4(x),Fa(x)) : x € U}, we define the single valued neutrosophic (SVN) covering upper 

approximation C(A) and lower approximation C(A) of A as: 

(A) = {(x, VyculTye(y) A Ta(y)], VyeuLlge (y) A Lay), Ayu lFRe (y) V Fa(y)]) : x © US, 6) 
{(x, AyeulFye(y) V Ta(y)], Aycul(d = Trp (y)) VIa(y)), Vycul Typ (y) A Fa(y)]) : x € Uf. 


If C(A) £ C(A), then A is called the first type of SVN covering rough set. 


~ 


(0.5,0.3,0.8), A = (0.6,0.3,0.5) , (0.4,0.5,0.1) , 


xy T x9 T 


Example 3 (Continued from Example 1). Let B = 


wee2ne) (0.5,0.3,0.4) (0.7,0.2,0.3) | Then, 
3 x4 x5 


Q 


C(A) = {(x1,0.6,0.3,0.5), (x2,0.4, 0.3, 0.6), (x3, 0.6, 0.5, 0.5), (x4, 0.5, 0.3, 0.6), (x5, 0.6, 0.5, 0.5) }, 
C(A) = {(x1,0.6,0.5,0.5), (x2, 0.6,0.5,0.4), (x3, 0.4,0.4,0.5), (x4, 0.4, 0.5, 0.4), (x5, 0.6, 0.4, 0.3) }. 


Some basic properties of the SVN covering upper and lower approximation operators are 
proposed in the following proposition. 


Proposition 4. Let C be a SVN f-covering of U. Then, the SVN covering upper and lower approximation 
operators in Definition 6 satisfy the following properties: for all A,B © SVN(U), 


(1) C(A’) = (C(A)), C(A’) = (C(A)Y’. 

(2) IfA CB, then C(A) C C(B), C(A) C C(B) 

(3) C(ANMB) = C(A)NC(B), C(AUB) = C(A)UC(B) 

(4) C(AUB) 2 C(A)UC(B), C(ANB) C C(A)NC(B) 

Proof. 

(1) 

CA!) = {(x,VyeulTye (y) A Tar (y)], Vyeulge (y) A Lary) Ayeul Fae (y) V Far(y)]) x € US 

= {(x, VyculT ge (y) A Fa(y)), Vycullge (y) A (1 — La(y))] Ayeu Fae (y) V Ta(y)]) + x © US 
= (C(A))’. 


If we replace A by A’ in this proof, we can also prov 


eC(A’ (C(A))’. 
(2) Since A C B, so Ta(x) < Tp(x), Ip(x) < I,4(x) and Fp (x) 


)= 
< F4(x) for all x € U. Therefore, 
Tay (x) = AyeulFge(y) V Ta(y)] < AyeulFge(¥) ¥ Ta(W)] = Teco) (2), 
Tecay(x) = Ayeul(1 ~ Iggy) V La(y)] & Ayeurl(1 ~ fyg(y)) ¥ EoCy)] = tecay() 
Foca) (2) = Vyeul Tye (y) A Fa(y)] = VyeulT yey) A Fa(y)] = Foy) (2): 


Symm 


(3) 


= clA)NCE). 
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Hence, C(A) € C(B). In the same way, there is C(A) C C(B). 


C(AMB) 
= {(x, AyeulFxe (y) V Tan s(y)], Ayeul( — Txe (y)) V Tan (y)], VyeulT ge (y) A Fara(y)]) +x € Ut 
= {(x, AyeulFRe(y) V (Tay) A Ta(y))], Ayeul (1 — Iga (y)) V Fay) V Tay), VyeulT ge (y) A (Fay) 


VFp(y))]) : x € Uf 


= {(x,Aycul(Ege(y) V Tay) A (Ege (y) V Tay))], Ayeurl((1 = Iggy) V Lay) ¥ (= Te WV 


Ta(y))|, Vyeul (Tye (y) A Fa(y)) V (Tye (y) A Fa(y))]) : x € Ut 


x 


Similarly, we can obtain C(AUB) = C(A) UC(B). 


(4) Since AC AUB,BC AUB,ANBC Aand ANB CB, 


C(A) € C(AUB), C(B) € C(AU B),C(ANB) € C(A) and C(ANB) C C(B). 


, 
~ 


Hence, C(AUB) 2 C(A)UC(B), C(ANB) € C(A)C(B). 


We propose the other SVN covering rough set model, which concerns the crisp lower and upper 


approximations of each crisp set in the SVN environment. 


Definition 7. Let (U,C) bea SVN B-covering approximation space. For each crisp subset X € P(U) (P(U) is 
the power set of U), we define the SVN covering upper approximation C(X) and lower approximation C(X) of 


X as: 


C(x) ={xeu:N2nx 4}, é 
C(X) = {xeu: Nec x}. 


If C(X) #4 C(X), then X is called the second type of SVN covering rough set. 


Example 4 (Continued from Example 2). Let B = (0.5,0.3,0.8), X = {x1,%2}, Y = {x2,x4,x5}. Then, 


Prop 
opera 


Proof. It can be directly followed from Definitions 5 and 7. 


al 


(X) = {x1,x2,x4},C(X) = {x1,x2}, 
(Y) = (x1, %2,%3, x4,x5},C(Y) = {x2,%4, x5}, 
E(u) =U, C(U) =U,C(@) = 2,C(@) =@. 


al 


osition 5. Let C bea SVN B-covering of U. Then, the SVN covering upper and lower approximation 
tors in Definition 7 satisfy the following properties: for all X,Y € P(U), 


If X C Y, then C(X) C C(Y), C(X) C C(Y). 

C(XNY) = C(X)NC(Y), C(XUY) = C(x) UC(Y). 

C(XUY) 2 C(X)UC(Y), C/XNY) € C(X)NC(Y). 

C(C(X)) C C(x), C(C(X)) > C(x) 

C(X) C X C C(x) 

XCYorYOCKX S&S C(XNY) =C(X)NC(Y),C(XUY) = C(X)UC(Y) 
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5. Matrix Representations of These Single Valued Neutrosophic Covering Rough Set Models 


In this section, matrix representations of the proposed SVN covering rough set models are 
investigated. Firstly, some new matrices and matrix operations are presented. Then, we show 
the matrix representations of these SVN approximation operators defined in Definitions 6 and 7. 
The order of elements in U is given. 


Definition 8. Let C be a SVN B-covering of U with U = {x1,X2,--+ ,Xn} and C= {Cy,C2,+++ Cin}. 
Then, Ma = (Cj(xi) )nxm is named a matrix representation of C, and Me = (Sij)nxm is called a B-matrix 


a 1, C(x) = B 
i 0, otherwise. 


Example 5 (Continued from Example 1). Let B = (0.5,0.3,0.8). 


representation of C, where 


(0.7,0.2,0.5) (0.6,0.2,0.4) (0.4,0.1,0.5) (0.1,0.5,0.6) 1100 
(0.5,0.3,0.2) (0.5,0.2,0.8) (0.4,0.5,0.4) (0.6,0.1,0.7) 1-2 O 4 
Mea= | (0.4,0.5,0.2) (0.2,0.3,0.6) (0.5, 0.2,0.4) (0.6,0.3,0.4) |, Me =!0011 
(0.6,0.1,0.7) (0.4,0.5,0.7) (0.3,0.6,0.5) (0.5,0.3,0.2) 1001 
(0.3,0.2,0.6) (0.7,0.3,0.5) (0.6,0.3,0.5) (0.8,0.1, 0.2) 014141 

Definition 9. Let A = (ajxc)nxm and B = ( (dj, bejr by) isk<m1<j<i be two matrices. We define 


D=AxB= ((d;t Gi 45) i <icnisj<v where 


(dj dij ze) = (Ag ( — Giz) V bi|,1 — ApLq LL = giz) V (1 = beg), 1 — Agia IG — ix) V1 — bg). 

Based on Definitions 8 and 9, all N8 for any x € U can be obtained by matrix operations. 
Proposition 6. Let C bea SVN B-covering of U with U = {x1,X2,--- ,Xn}and C= {C1,C2,+++ ,Cm}. Then 
Me * Mi = (NE, (x Xj) )i<i<ni<j<n (8) 


where ME is the transpose of Me. 


Proof. Suppose ME = (Cy(xj))mxn, ME = (Sik)nxm and MR x ME = ((dj\,,dij di) )i<icnacj<n- 


Since C is a SVN 5 covering of U, for 7 i(1 <i < ny), there exists k (1 < k < m) such that 
Sit = 1. Then, 

(di; dijed; ) 

(Ager ll — sik) V Te, (x))], 1 — Apia ( — sik) V 1 = Te, (9) — Ag [1 — sik) V (1 — Fo, (2)))]) 

= (Asg=1[(1 — ix) V Te, (xj)],1 — Asa=il(1 — six) V (1 — Te, (%)))],1 — Asg=il(1 — six) V (1 — Fo, (4)))) 
(Agu=tig. isl = Agel = Tg) 1 — Agen = Fa Gy) 
(Acy(x:)>B Ce (Xj). 1 — Acy(x>p 1 — Tq, (4))),1 — Acy (zy >p (1 — Fo, (xj) 

(Ne(x;) =p Ck) (7) 

= NE (xj)/1 <ij<n. 


Hence, ME, * ME = = (NE (x Xj) )i<i<n 1<j<n- 


SIS AS]S 
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Example 6 (Continued from Example 1). 


ME, « MZ 
1100 (0.7,0.2,0.5) (0.6,0.2,0.4) (0.4,0.1,0.5) (0.1,0.5,0.6) \* 
1-4. a (0.5,0.3,0.2) (0.5,0.2,0.8) (0.4,0.5,0.4) (0.6, 0.1, 0.7) 
= 001 1 |* | (0.4,0.5,0.2) (0.2,0.3,0.6) (0.5,0.2,0.4) (0.6, 0.3, 0.4) 
1 2 Oo 4 (0.6,0.1,0.7) (0.4,0.5,0.7) (0.3,0.6,0.5) (0.5, 0.3, 0.2) 
0111 (0.3,0.2,0.6) (0.7,0.3,0.5) (0.6,0.3,0.5) (0.8, 0.1, 0.2) 
' ; ; , (0.7,0.2,0.5) (0.5,0.3,0.2) (0.4,0.5,0.2) (0.6,0.1,0.7) (0.3, 0.2, 0.6) 
_ 00 1 1 fa | (0602-04) (0.5,0.2,0.8) (0.2,0.3,0.6) (0.4,0.5,0.7) (0.7,0.3,0.5) 
. pa (0.4,0.1,0.5) (0.4,0.5,0.4) (0.5,0.2,0.4) (0.3,0.6,0.5) (0.6, 0.3, 0.5) 
ah as a (0.1,0.5,0.6) (0.6,0.1,0.7) (0.6,0.3,0.4) (0.5,0.3,0.2) (0.8, 0.1, 0.2) 
(0.6,0.2,0.5) (0.5,0.3,0.8) (0.2,0.5,0.6) (0.4,0.5,0.7) (0.3, 0.3, 0.6) 
(0.1,0.5,0.6) (0.5,0.3,0.8) (0.2,0.5,0.6) (0.4,0.5,0.7) (0.3, 0.3, 0.6) 
= (0.1,0.5,0.6) (0.4,0.5,0.7) (0.5,0.3,0.4) (0.3,0.6,0.5) (0.6, 0.3, 0.5) 
(0.1,0.5,0.6) (0.5,0.3,0.7) (0.4,0.5,0.4) (0.5,0.3,0.7) (0.3, 0.2, 0.6) 
(0.1,0.5,0.6) (0.4,0.5,0.8) (0.2,0.3,0.6) (0.3,0.6,0.7) (0.6, 0.3, 0.5) 


Definition 10. Let A = ((cji, Ci, Cz) )mxn and B= (47, di, d>))nx1 be two matrices. We define 


CH=AGBH=(@ 6G; laid D = ACB = UF fos, aa, wher 


(e7', eine; ) = (ViLy (cf Ad? ), Vy (cj Adj), NL (ey V4; )), 


(9) 
CH tide) = (Af 4 (G5 Vv a), Ar 40 a Cij) Vv dj), Vi, (cj A d; )). 


According to Proposition 6 and Definition 10, the set representations of C(A) and C(A) 


(for any A € SVN(U)) can be converted to matrix representations. 


Theorem 3. Let C bea SVN B-covering of U with U = {x1,X2,+++ ,X,} and C= {C1,Co,+++ ,Cm}. Then, 
forany A € SVN(U), 
C(A) = (Mb * MZ) oA, 

Cc Cc 

: (10) 
C(A) = (Ma. *« MZ) oA, 


where A = (aj)nx1 with a; = (Ta(x;),14(x;), Fa(x;)) is the vector representation of the SVNS A. C(A) and 
C(A) are also vector representations. 


Proof. According to Proposition 6 and Definitions 6 and 10, for any x; (i = 1,2,--- ,n), 


(Me *ME)oA)(xi) = (ViLy (Typ (27) A Ta(x;)), Vin Une (xj) A Ta(x;)), ja Fane (xj) V Fa(xj))) 


xj 


and 


((Mé, *M&)oA)(xi) = (Ay (Fae (9) V Ta (2), NGI — Ine (xj) V Ta(x)], Via (Te (xj) A Fa(x;))) 


Hence, (A) = (MB * ME) 0 A,C(A) = (Mh MZ) oA 
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(0.5,0.3,0.8), A = (0.6,03,0.5) , (040501) , 


x1 x2 


Example 7 (Continued from Example 3). Let B 


(0.3,0.2,0.6) 4 (0.5,0:3,04) 4 (0.7.0.2,03) They, 
x3 X4 x5 


C(A) 
= (MEsMI)oA 


(0.6,0.2,0.5) (0.5,0.3,0.8) (0.2,0.5,0.6) (0.4,0.5,0.7) _(0.3,0.3, 0.6) (0.6, 0.3, 0.5) 
(0.1,0.5,0.6) (0.5,0.3,0.8) (0.2,0.5,0.6) (0.4,0.5,0.7) _(0.3,0., 0.6) (0.4, 0.5, 0.1) 
= | (0.1,0.5,0.6) (0.4,0.5,0.7) (0.5,0.3,0.4) (0.3,0.6,0.5) (0.6,0.3,0.5) |} (0.3,0.2,0.6) 
(0.1,0.5,0.6) (0.5,0.3,0.7) (0.4,0.5,0.4) (0.5,0.3,0.7) (0.3, 0.2, 0.6) (0.5, 0.3, 0.4) 
(0.1,0.5,0.6) (0.4,0.5,0.8) (0.2,0.3,0.6) (0.3,0.6,0.7) (0.6, 0.3, 0.5) (0.7, 0.2, 0.3) 
(0.6, 0.3, 0.5) 
(0.4, 0.3, 0.6) 
= | (0.6,0.5,0.5) |, 
(0.5, 0.3, 0.6) 
(0.6, 0.5,0.5) 
and 
C(A) 
= (MisMI)oA 
(0.6,0.2,0.5) (0.5,0.3,0.8) (0.2,0.5,0.6) (0.4,0.5,0.7) _(0.3,0.3, 0.6) (0.6, 0.3, 0.5) 
(0.1,0.5,0.6) (0.5,0.3,0.8) (0.2,0.5,0.6) (0.4,0.5,0.7) (0.3,0., 0.6) (0.4, 0.5, 0.1) 
= | (0.1,0.5,0.6) (0.4,0.5,0.7) (0.5,0.3,0.4)  (0.3,0.6,0.5) (0.6,0.3,0.5) |} (0.3,0.2,0.6) 
(0.1,0.5,0.6) (0.5,0.3,0.7) (0.4,0.5,0.4) (0.5,0.3,0.7) (0.3, 0.2, 0.6) (0.5, 0.3, 0.4) 
(0.1,0.5,0.6) (0.4,0.5,0.8) (0.2,0.3,0.6) (0.3,0.6,0.7) (0.6, 0.3, 0.5) (0.7, 0.2, 0.3) 
(0.6, 0.5,0.5) 
(0.6, 0.5, 0.4) 
= | (0.4,0.4,0.5) 
(0.4, 0.5, 0.6) 
(0.6, 0.4, 0.3) 


Two operations of matrices are defined in [28]. We can use them to study the matrix 
representations of C(X) and C(X) of every crisp subset X € P(U). 


Definition 11 ([28]). Let A = (ajx)nxm and B = (bj) mx be two matrices. We define C = A+B = (¢ij)nx1 
and D = A© B= (dij)nx1 4 follows: 


Ci = Vi, (Giz A bg; ), 
4 a t i) (11) 
dij = Nei (1 — Giz) V gj], for any i =1,2,--+ ,n, andj =1,2,--+ 1. 


Let U = {x1,--+ ,xn} and X € P(U). Then, the characteristic function of the crisp subset X is 
defined as 7x, where 


(x;) _ 1, x, € X; 
ARMM) = 0, otherwise. 


Proposition 7. Let CbeaSVN B-covering of U with U = {x1,X2,--+ ,Xn} and C= {Cy,Co,--- , Cm}. Then, 


Me © (me)? = (ne (xj) asi<ni<j<n (12) 
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Proof. Suppose Me = (Siz)nxm and Me © (me)? = (tij)nxn- Since C is a SVN f-covering of U, 
for eachi(1 <i < n) there exists k (1 < k < m) such thats, = 1. If tj; = 1, then AZL,[(1— six) V six] = 1. 
It implies that if sj, = 1, then sj, = 1. Hence, C;(x;) > B implies C;(x;) > B. Therefore, x; € Ne, 
Le., Ane (xj) =1= ti. 
If ti = 0, then Aji, [(1 — six) V jx] = 0. This implies that ifs; = 1, then sj, = 0. Hence, C,(x;) > B 
implies C;(x;) < B. Thus, we have x; ¢ Ne, ie., Ape (xj) =1= ti. 


Example 8 (Continued from Example 2). According to Me in Example 5, we have the following result. 


1 10 0 0 
01 00 0 
ME (me)T =} 0 0 10 1 | = (tq (4) 1sissasjss- 
0101 +0 : 
00001 


For any X € P(U), we also denote xx = (4j)nx1 with a; = 1 iff x; € X; otherwise, a; = 0. 
Then, the set representations of C(X) and C(X) (for any X € P(U)) can be converted to matrix 
representations. 


Theorem 4. Let C bea SVN B-covering of U with U = {x1,X2,-++ ,Xn} and C= {C1,Co,+++ Cm}. Then, 
for any X € P(U), 


(13) 


Proof. Suppose (me © (m8)T) xXx = (4i)nx1 and (me © (ME)") ©xx = (b;)nx1. For any x; € U 
(i = 1,2,- a Nn), 
xi €C(X) Xe) (xi) =1 
Sa; =1 
> Vieng [ge (Xk) A Xx (%K)] = 1 
> dk € {1,2,--- nh, st, Xg6 (Xe) = Xx(%e) = 1 


= ok € {1,2,---+,n}, s.t., x% € Ne xX 
oN AX #@, 
and 
x EC(X) & Xe(x) (i) =1 
=b=1 
Neal (1 — Xggp (Xk) Vxx(%K)] = 1 
=> Aye (Xk) =1> xx (Xr) =1,k=1,2,---,n 


ox, 6M x, EX, kK=12,---50 
oN cx. 
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Example 9 (Continued from Example 4). Let X = {x1,x2}. By Me © (mé)T in Example 8, we have 


ito 0 © 1 1 
01000 1 1 
(ME © (ME))- xx = 00101 OS.) | eas 
01010 0 1 
0100.4 0 0 
it 0 ao 1 1 
01000 1 1 
(MEO (ME)T)Oxx=] 00101 fo] 0]=] 0 | =xqx 
01010 0 0 
00001 0 0 


6. An Application to Decision Making Problems 


In this section, we present a novel approach to DM problems based on the SVN covering rough 
set model. Then, a comparative study with other methods is shown. 


6.1. The Problem of Decision Making 


Let U = {x,:k =1,2,--- ,1} be the set of patients and V = {y;|i = 1,2,--- ,m} be the m main 
symptoms (for example, cough, fever, and so on) for a Disease B. Assume that Doctor R evaluates 
every Patient x, (k = 1,2,--- ,1). 

Assume that Doctor R believes each Patient x, € U (k = 1,2,---,l) has a symptom value C; 
(i = 1,2,--- ,m), denoted by Cj(xp) = (Te, (xk), Ic, (Xk, Fo, (xx)), where Tc, (xz) € [0,1] is the degree 
that Doctor R confirms Patient x; has symptom yj, Ic, (xx) € [0,1] is the degree that Doctor R is not 
sure Patient x, has symptom yj, Fo, (x;,) € [0,1] is the degree that Doctor R confirms Patient x; does not 
have symptom yj, and Tc, (x;) + Ic, (x) + Fo, (xx) < 3. 

Let 6 = (a,b,c) be the critical value. If any Patient x, € U, there is at least one symptom y; € V 
such that the symptom value C; for Patient x; is not less than 6, respectively, then c= {Cy,C2,--+ ,Cm} 
isa SVN f-covering of U for some SVN number f. 

If d is a possible degree, e is an indeterminacy degree and f is an impossible degree of Disease B of 
every Patient x, € U that is diagnosed by Doctor R, denoted by A(x,) = (d,e, f), then the decision 
maker (Doctor R) for the decision making problem needs to know how to evaluate whether Patients 
x; € U have Disease B. 


6.2. The Decision Making Algorithm 


In this subsection, we give an approach for the problem of DM with the above characterizations 
by means of the first type of SVN covering rough set model. According to the characterizations of 
the DM problem in Section 6.1, we construct the SVN decision information system and present the 
Algorithm 1 of DM under the framework of the first type of SVN covering rough set model. 
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Algorithm 1 The decision making algorithm based on the SVN covering rough set model. 


Input: SVN decision information system (U, Cc B, A). 
Output: The score ordering for all alternatives. 


: Compute the SVN f-neighborhood Né of x induced by CG, for allx € U according to Definition 4; 
: Compute the SVN covering upper approximation C(A) and lower approximation C(A) of A, 


N 


according to Definition 6; 


3: Compute R4 = C(A) 6 C(A) according to (6) in the basic operations on SVN(U); 
4: Compute “ 
Me) Sees Gye 
A A A 
5: Rank all the alternatives s(x) by using the principle of numerical size and select the most 


possible patient. 


According to the above process, we can get the decision making according to the ranking. In Step 4, 
S(x) is the cosine similarity measure between R,(x) and the ideal solution (1,0,0), which was 
proposed by Ye [44]. 


6.3. An Applied Example 


Example 10. Assume that U = {x1,X2,x3,%4,%5} is a set of patients. According to the patients’ symptoms, 
we write V = {y1,Y2,Yy3,y4} to be four main symptoms (cough, fever, sore and headache) for Disease B. 
Assume that Doctor R evaluates every Patient x, (k = 1,2,--- ,5) as shown in Table 1. 
Let B = (0.5,0.3,0.8) be the critical value. Then, C = {C1,Cz,C3,C4} is a SVN B-coverings of U. 
NE (k = 1,2,3,4,5) are shown in Table 2. 
Assume that Doctor R diagnoses the value A = 
Disease B of every patient. Then, 


(0.6,0.3,0.5) , (0.4,0.5,0.1) , (0.3,0.2,0.6) , (0.5,0.3,0.4) , (0.7,0.2,0.3) of 
xy : x2 x3 : x4 ‘ x5 


C(A) = {(x1,0.6,0.3,0.5), (x2, 0.4, 0.3, 0.6), (x3, 0.6,0.5,0.5), (x4, 0.5, 0.3, 0.6), (x5, 0.6, 0.5, 0.5) }, 
C(A) = {(x1,0.6,0.5,0.5), (x2,0.6,0.5, 0.4), (x3, 0.4, 0.4, 0.5), (x4, 0.4, 0.5, 0.4), (x5, 0.6, 0.4, 0.3) }. 
Then, 
Ra 

= C(A)®C(A) 


= {(x1,0.84,0.15, 0.25), (x2, 0.76, 0.15, 0.24), (x3, 0.76, 0.2, 0.25), (x4, 0.7,0.15, 0.24), (x5, 0.84, 0.2, 0.15) }. 
Hence, we can obtain s(x,) (k =1,2,-+-+ ,5) in Table 3. 
Table 3. s(x;) (k =1,2,--- ,5). 


U x4 x2 x3 x4 X5 
s(x, ) 0.945 0.937 0.922 0.909 0.958 


According to the principle of numerical size, we have: 
s(X4) < s(x3) < s(x2) < s(x1) < s(x5). 


Therefore, Doctor R diagnoses Patient x5 as more likely to be sick with Disease B. 
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6.4. A Comparison Analysis 


To validate the feasibility of the proposed decision making method, a comparative study was 
conducted with other methods. These methods, which were introduced by Liu [43], Yang et al. [32] 
and Ye [44], are compared with the proposed approach using SVN information system. 


6.4.1. The Results of Liu’s Method 
Liu’s method is shown in Algorithm 2. 
Algorithm 2 The decision making algorithm [43]. 


Input: A SVN decision matrix D, a weight vector w and 7. 
Output: The score ordering for all alternatives. 


1: Compute 
Nk _ (Trays In, Fn,) 


= HSVNNWA (ny, Np, se ign) 


m m 
TE (1+ (9-1) Tei)" — TL Th) 
i=1 i 


TE(14 (7-1) Tra)" + (7-1) il (1—Ty) 


i=1 
mw, 
TL Xi 
i=1 


th (14(y-1)(1— Ik)" +71) th me 
mM . mH —) (k=1,2,--- ,0); 
Th+(y—1)0—Fia) "+ (7-1) Tg 


i=1 
ee 
Ti 4 FR 
3: Obtain the ranking for all s(n,) by using the principle of numerical size and select the most 


possible patient. 


2: Calculate s(n;) ~ Jn 


Then, Algorithm 2 can be used for Example 10. Let ng; = (Thi, Iki, Fri) be the evaluation 
information of x, on C, in Table 1. That is to say, Table 1 is the SVN decision matrix D. We suppose the 


weight vector of the criteria is w = (0.35,0,25,0.3,0.1) and y = 1. 
Step 1: Based on HSVNNWA operator, we get 


ny = (0.557,0.178, 0.482), nz = (0.484, 0.283, 0.395), 
nz = (0.414, 0.318, 0.347), n4 = (0.465, 0.286, 0.558), 
ns = (0.578, 0.233, 0.486). 


Step 2: We get 
s(n,) = 0.735, s(n2) = 0.706, s(n3) = 0.660, s(n4) = 0.596, s(n5) = 0.734. 
Step 3: According to the cosine similarity degrees s(n;) (k = 1,2,--- ,5), we obtain x4 < x3 < 


X2< x5 < X4. 
Therefore, Patient x; is more likely to be sick with Disease B. 


6.4.2. The Results of Yang’s Method 


Yang’s method is shown in Algorithm 3. 
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Algorithm 3 The decision making algorithm [32]. 


Input: A generalized SVN approximation space (U,V, R), B € SVN(V). 
Output: The score ordering for all alternatives. 


1: Calculate the lower and upper approximations R(B) and R(B); 


- Compute ny, = (R(B) @ R(B)) (xx) (k =1,2,--- D; 
: Compute 


wn 


Thx,’ ae ans T nt tnx, * Eye 
Th, thx, + Fay, af (Tyy* +n «P+ (Fy)? 
where n* = (Ty*, In«, Fux) = (1,0,0); 
: Obtain the ranking for all s(ny,,n*) by using the principle of numerical size and select the most 
possible patient. 


(eS 1,2 +55 ,L), 


s(Nx,, n*) = y 


~~ 


(0.3,0.6,0.5) , (0.7,0.2,0.1) , (0.6,0.4,0.3) , (0.8,0.4,0.5) 
vi mR : Ys Ya 
According to Table 1, the generalized SVN approximation space (U, V, R) can be obtained in Table 4, 


where U = {x1,x2,%3,X4,x5} and V = {y1,Y2, 3, ya}. 


For Example 10, we suppose Disease B € SVN(V) and B = 


Table 4. The generalized SVN approximation space (U, V, R). 


R x4 x2 x3 x4 x5 

yy (0.7, 0.2, 0.5) (0.5, 0.3, 0.2) (0.4, 0.5, 0.2) (0.6, 0.1, 0.7) (0.3, 0.2, 0.6) 
Y2 (0.6, 0.2, 0.4) (0.5, 0.2, 0.8) (0.2, 0.3, 0.6) (0.4, 0.5, 0.7) (0.7, 0.3, 0.5) 
Y3 (0.4, 0.1, 0.5) (0.4, 0.5, 0.4) (0.5, 0.2, 0.4) (0.3, 0.6, 0.5) (0.6, 0.3, 0.5) 
V4 (0.1, 0.5, 0.6) (0.6, 0.1, 0.7) (0.6, 0.3, 0.4) (0.5, 0.3, 0.2) (0.8, 0.1, 0.2) 


Step 1: We get 


R(B) = {(x1,0.6,0.2,0.4), (x2, 0.6, 0.2, 0.4), (x3, 0.6, 0.3, 0.4), (x4, 0.5, 0.4, 0.5), (x5, 0.8, 0.3,0.5)}, 
R(B) = {(x1,0.5,0.6,0.5), (x2, 0.3, 0.6, 0.5), (x3, 0.3, 0.5, 0.5), (x4, 0.6, 0.6,0.5), (x5, 0.6, 0.6, 0.5) }. 


Step 2: 
R(B)@®R(B) = {(x1,0.80, 0.12, 0.20), (x2, 0.72, 0.12, 0.20), (x3, 0.72, 0.15, 0.20), (x4, 0.80, 0.24, 0.25), 
(xs, 0.92, 0.18, 0.25) }. 
Step 3: Let n* = (1,0,0). Then, 
s(ny,,n*) = 0.960, s(nx,,n*) = 0.951, s(nx3,n*) = 0.945, s(nx,,n*) = 0.918, s(nx,,n*) = 0.948. 
Step 4: 
8(Nx,,n*) < s(Nx,,n*) < s(nx,,n*) <s(nx,,n*) < s(nx,,n*). 
Therefore, Patient x; is more likely to be sick with Disease B. 


6.4.3. The Results of Ye’s Methods 
Ye presented two methods [44]. Thus, Algorithms 4 and 5 are presented for Example 10. 
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Algorithm 4 The decision making algorithm [44]. 


Input: A SVN decision matrix D and a weight vector w. 
Output: The score ordering for all alternatives. 


1: Compute 


= a W; (Agi; +Dgj-bF +-CKi-C; | 
(Eis wiled +2, +0.) /EP, willat 2+ (GF P+ (FP 


Wi (x4, A*) (k =1,2,---,1), 
where a? = (a7,b*,c¥) = (1,0,0) @ =1,2,--- ,m); 

2: Obtain the ranking for all W;(x;, A*) by using the principle of numerical size and select the most 
possible patient. 


For Example 10, Table 1 is the SVN decision matrix D. We suppose the weight vector of the 
criteria is w = (0.35,0, 25, 0.3, 0.1). 
Step 1: 


Wy (x1, A*) = 0.677, Wo(xp, A*) = 0.608, W3(x3,.A*) = 0.580, Wy(xg,A*) = 0.511, Ws(x5,A*) = 0.666. 


Step 2: The ranking order of {x1,%2,--+ ,x5} is x4 < x3 < X2 < x5 < x1. Therefore, Patient x, is 
more likely to be sick with Disease B. 


Algorithm 5 The other decision making algorithm [44]. 


Input: A SVN decision matrix D and a weight vector w. 
Output: The score ordering for all alternatives. 


1: Compute 


-.a* +b,;-b* ce 
Mk (Xk, A*) — pia Wj sili abe Ee “t (k = 1, 2, re 7h); 


Vl met OE He Vat (GFP + (CF? 


where a? = (a7, b*,c¥) = (1,0,0) G =1,2,--- ,m); 
2: Obtain the ranking for all M,(x,, A*) by using the principle of numerical size and select the most 


possible patient. 


By Algorithms 5, we have: 
Step 1: 


My (x1, A*) = 0.676, Mz (x2, A*) = 0.637, M3(x3,A*) = 0.581, 
Ma(x4, A*) = 0.521, Ms(xs, A*) = 0.654. 


Step 2: The ranking order of {x1,%2,--- ,x5} is x4 < x3 < x2 < x5 < x1. Therefore, Patient xj is 
more likely to be sick with Disease B. 
All results are shown in Table 5, Figures 1 and 2. 


Table 5. The results utilizing the different methods of Example 10. 


Methods The Final Ranking The Patient Is Most Sick With the Disease B 
Algorithm 2 in Liu [43] X4,X3,X2,X5,X1 xy 
Algorithm 3 in Yang et al. [32] X4,X3,X5,X2,X1 x4 
Algorithm 4 in Ye [44] X4,X3,X2,X5,X1 x1 
Algorithm 5 in Ye [44] X4,X3,X2,X5,X1 bal 


Algorithm 1 in this paper X4,X3,X2,X1,X5 x5 


Symmetry 2018, 10, 710 17 of 20 


09 BM x1 x2 x3 OB x4 BS 
08 
0.7 
0.6 
05 
0.4 ; 
0.3 4 
0.2 
0.1 t E 
0 


Algorithm 1 Algorithm 2 Algorithm 3 Algorithm 4 Algorithm 5 


Figure 1. The first chat of different values of patient in utilizing different methods in Example 10. 
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Figure 2. The second chat of different values of patient in utilizing different methods in Example 10. 


Liu [43] and Ye [44] presented the methods by SVN theory. In their methods, the ranking order 
would be changed by different w and y. We as well as Yang et al. [32] used different rough set models to 
make the decision. Yang et al. present a SVN rough set model based on SVN relations, while we 
present a new SVN rough set model based on coverings. The results are different by Yang’s and our 
methods, although the methods are both based on an operator presented by Ye [44]. 

In any method, if there are more than one most possible patient, then each patient will be the 
optimal decision. In this case, we need other methods to make a further decision. By means of different 
methods, the obtained results may be different. To achieve the most accurate results, further diagnosis 
is necessary in combination with other hybrid methods. 


7. Conclusions 


This paper is a bridge, linking SVNSs and covering-based rough sets. By introducing some 
definitions and properties in SVN f-covering approximation spaces, we present two types of SVN 
covering rough set models. Then, their characterizations and matrix representations are investigated. 
Moreover, an application to the problem of DM is proposed. The main conclusions in this paper and 
the further work to do are listed as follows. 


1. Two types of SVN covering rough set models are first presented, which combine SVNSs with 
covering-based rough sets. Some definitions and properties in covering-based rough set model, 
such as coverings and neighborhoods, are generalized to SVN covering rough set models. 


Symmetry 2018, 10,710 18 of 20 


Neutrosophic sets and related algebraic structures [47-49] will be connected with the research 
content of this paper in further research. 

It would be tedious and complicated to use set representations to calculate SVN covering 
approximation operators. Therefore, the matrix representations of these SVN covering 
approximation operators make it possible to calculate them through the new matrices and 
matrix operations. By these matrix representations, calculations will become algorithmic and 
can be easily implemented by computers. 

We propose a method to DM problems under one of the SVN covering rough set models. It is 
a novel method based on approximation operators specific to SVN covering rough sets firstly. 
The comparison analysis is very interesting to show the difference between the proposed method 
and other methods. 
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